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I. ABSTRACT .. 
Fuzzy logic is best used in situations whe1:e the universe·· 
., 
. of ~iscourse .:f is not neatly subdivided into unique subsets. It 
enables one to apply mathematical operations to such vague ·'"' 
entities as 'big numbers', ·•medium numbers' and 'small num-
1bers'. Fuzzy inference goes even · furtller and provides a 
vehicle for designing rules to manipulate these fuzzy subsets. . ' 
( 
These rules, in turn, make it possible to computerize a fuzfy 
' 
.logic system. 
Automated process control is one of the many uses that 
have been _ found for fuzzy logic. In 1974 E. H. Mamdani 
. 
developed a fuzzy logic controller for a laboratory-built 
.model steam engine. His work has served as a basis for the 
• 
:J_ . 
. multitude of fuzzy control systems that have been developed to 
date~ 
The fuzzy logic control applications that are described 
in this paper in addition to Mamdani's steam engine are: 1) 
a rotary cement kiln controller, the· first commerclally 
successful fuzzy logic, controller; 2) the automatic train 
operating system that is used to run the subway sys.tem in 
Sendai)_. Japan; 3) an elevator controller designed by Japan's 
Mitsubishi Electric Company for which marketing was begun in 
1989; and 4) a rendezvous proximity operations cont~oller 
developed by NASA that will be a part of the space shuttle 
. 
r 
control system that is to be used .for unmanned space explora-
tion. 
. . 
1 
,· 
~·-
'·· 
~ :f • 
f. ' . ~ 
II--. INTRO.DUCTION 
\ 
· Twenty~five. years ago a· computer. science .'professor .at 
. \ 
...... 
UCLA, Berkeley, Lotfi Zadeh, laid the groundwork for what was 
~ to become ... a new branch of mathematics known as fuzzy log
ic. 
over the . past quarter century Zadeh' s attempt to develop . a ·, 
numerical controller for complex electronic equipment has 
blossomed into· a full-blown discipline complete with its own 
set theory, operations, rules of inference, etc. It is used-
in the design and operation of financial, information retriev-
' 
al, industrial and ·engineering applications. A brief review 
' 
of fuzzy logic theory is given in Chapter 3 to provide a 
background for the remainder of this paper. 
Nine years after Zadeh first published his theories, E. 
H. Mamdani, a professor of electronic and electrical engi-
neering at Queen Mary College in London, built a controller 
.. ,. " 
for. a laboratory model of a steam engine using fuzzy logic as 
; 
~-
the system's inference mectianism. Just as Zadeh is credited 
with· the development of fuzzy logic theory, Mamdani 
• 1S 
• in fuzzy logic with a co~ining considered 
I pioneer the 
knowledge-based s,ystem and applying this hybrid to process 
control. Mamdani 's adaptation of Zadeh' s- theory is presented 
in Chapter 4. 
Chapters 5 through 8 ar·e devoted to four actual control 
-
processes that ·-are successfully using fuzzy logic knowledge-
based systeig.s: a cement kiln controller, an automated subway 
....-
system, an elevator system· and a docking mechanism for the I~ . 
2 
,_) 
' . 
. /·i 
I 
1, , .. 
i 
i, 
t>' ,. • 
,; 
_, 
... . ' ..--
/ 
space shuttle.· In. choosi;ng from. among the many fuzzy logic 
..... -
applications available, an attempt was made to be certain that 
' " 
. the~.systems ·actually wor~ that they were either in actual 
,. 
use or that sufficient evidence was reported to substantiate · 
<) 
,, 
their performance claims. The next consideration was that 
each application. use fuzzy inference. differently from the 
rest. 
\ I . 
~ 
And finally, an attempt was made to show the progres-
" 
sion of fuzzy logic control applications from Mamdani to the 
present. 
The cement kiln controller developed in 1978 by J.-J. 
,, 
Ostergaard for a cement manufacturer.in Denmark was the first 
commercially successful application of fuzzy logic to an 
automated controller. Since that time the system has been 
marketed and used in cement plants throughout Europe and the 
' 
u. s. Chapter 5 p:t'esents a description of this controller. 
Japanese industry ''discovered'' fuzzy logic in the early 
1980 's, ~and have become major developers of fuzzy logic 
controllers. An articl~ ~ppearing in a recent issue of TIME-
lists systems that are under development by·such industrial 
giants as Nissan and cannon. 1 
;' 
They also refer to the. subway 
sy•tem in Sepdai that is controlled by fu.zzy logic. This 
controller, developed by Hitachi, is discussed in detai~ in 
Chapter 6. Another Japanese fuzzy logic controller, developed 
1Philip Elmer-DeWitt, ''Time for Some Fuzzy . Thi~king••, Time, 
September 2·5, 1989, p. 7.9. 
3 
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• 
. .. 
by Mitsubishi Electric to·· ·supervise · the elevator systems in. 
higlil-tech b~ldings'is the subject.of Chapter 7. 
While u. S. scientists and engineers have . been slower 
than their Japanese counterparts to embrace fuzzy logic 
controllers, some of them are beginning to feel that fuzzy 
logic might be useful in certain situations. f't:1_ \Y- NASA, for 
instance, is developing a fuzzy logic controller for docking 
an unmanned shuttle. Chapter 8 describes the rendezvous 
proximity portion of the shuttl~ control system. 
It should be pointed out that this work is meant to 
neither defend nor attack the use of fuzzy.logic to implement 
an automated controller. It is meant to be an objective 
review of some very interesting processes that use fuzzy set 
theory_ and fuzzy inference and.that, to the amazement of the 
scoffers and the satisfaction of the supporters, work quite 
well. 
.. 4 
I. .· 
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rrt. AN INTRODUCTION TO FU,ZZY LOGIC 
,. 
While the actual topic under considerationtin this paper 
is the application of fuzzy logic to automated controllers, it 
,, 
may be helpful to examine those areas of f~zzy set theory that 
are used in the controllers. Presenting this information 
prior to discussing the actual controllers
1 
wil-1 eliminate the 
need to interrupt the explanation of a control system in order 
to review the fuzzy set theory 'that is being used. 
Fuzziness· occurs when an attempt is made to group objects 
into classes that · do not have sharply defined boundaries. 
2 
Mos~ of the ideas on how fuzziness can be used in control 
systems are attributed to Lotf i Zadeh. In 1965 · he w
as 
involved in developing a numerical control method for complex 
electronic equipment. The results of this work are the source 
of most current fuzzy theory applications in engineering, 
business and psydhology. 3 
Prior to delving into fuzzy sets, a quick review of some 
very basic traditional set theory seems appropriate. A set is 
a collection of objects (members, elements) that have some-
' 
' 
thing in common with each other. It fs usually thought~of as 
bei~g ;either discrete or continuous. A discrete set has 
a 
. 
countable number of members and is graphically represented by 
2Abraham Kandel, Fuzzy Mathematical Techniqyes with Applica:-
tions, · p. 2. 
3Ian Graham and Peter Llewelyn Jones, Expert Systems, Knowl-
edge, Uncertainty and· Decision, p, 117. · 
5 
... ")"..',-
. •-, 
' . . 
.. ·. ,· 
t- .. -.. 
/ . 
. ,, 
' 
. . 
I . 
0 
n 
\ 
a Venn diagram. Sets that are continuous, aon
 the other hand,· 
. . 
take their members from some continuous domai
n/ very often the 
........ ,_ 
I 
' 
set of real numbers; and in place of the tradi
tional Venn· dia-
. 
.. 
gram, they are represented by a truth diagram
. A sample truth. 
diagram j1ppears in Figure 1. 
I • 
• 
Figure 1 represents a crisp se-t for small n
umbers. By 
''crisp'' we mean that it has a sharp boundary 
separating small 
numbers from those that are not small. In thi
s interpretation 
of small numbers, 7. 456 is the boundary im
plying that any 
value less than 7.456 is small, and any va
lue higher than 
7.456 is not small. 
The horizontal axis of the truth diagram is th
e domain of 
the set, or its universe of discourse. Th
e actual values 
within a universe of discourse will vary a
ccording to the 
problem being diagrammed. The uni verse o
f discourse for 
Figure 1 is the set of numbers from O to 7. 4
56 •. : 
The vertical· axis shows the grade of membersh
ip for every 
point in the domain. , It ranges from 
O to 1 • Grade of 
,ll'--
membership o implies that a point is complete
ly outside of the 
domain or universe of discourse, while grade
 of_membership 1. 
C 
puts a point completely within the domain. 
In Figure 1, all 
numbers less than 7.456 have a grade of memb
ership of 1. 
; 
It seems intuitively obvious that since O is
 less-than 
7.456 o should have a higher grade of membersh
ip in the set of 
small numbers than 7. 456, but classica.l set 
theory does not 
. ' 
6 
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.. 
allow for this circumstance. A number is either in the set of 
~ 
small numbe.rs or i~is not. ' 
' . 
. . 
. Anoth.er approach to _def 1n1ng the set of small numbers, 
using fuzzy theory, can be seen in Figure 2. It allows for a ' . 
I 
much smoother transition between membership and non-membership 
1 
J 
'i' 
' 
in a set. And more importantly, it allows ·-o to be categorized 
as smaller (grade of membership 1) than 6, for instance, which {I 'i 
·has a grade of membership of about O. 5. This method of dealing 
with the members of a set is a closer approximation to the 
linguistic representation of "small number'' than the method 
used to create Figure 1. 
It . must be pointed out that grade of membership is 
context dependent and· often very subjective. One need only 
compare his own concept of a long trip when he was a child 
.~ 
' 
with the concept of a long trip that he holds as an adult. In 
a formal sense, there must exist 1some function,µ, which maps 
the points in the domain of set A into the unit. interval, I 
(0,1). Stated even more formally,µ: A~ (0,1). 
Arithmetic ope-rations can be ,performed on fuzz¥ sets Just 
as they can be performed on classical sets. The basic opera-
<I 
ti0ns that are of particular importance d to our study of 
controllers are the traditional ones of intersection, union ' 
and complementation. For .an illustration of these operations, 
let us add another·, fuzzy set to our truth diagram, the fuzzy 
• 1 
set of numbers that are near 10. Figure 3 shows the combina-
. . 
tion of these two fuzzy sets. 
' 
7 1 
.., i 
j 
" 
\ 
.. 
' . 
"r. 
' 
\ 1;~ 
i The intersection of the set of ·small numbers (set A) with 
the set of numbers near 10 ( set B) ·· is the area. la_beled "1 '' • 
It r,:epresent.,s those numbers that are in· set A .AND in set B. 
'• 
When a number is in two intersecting sets, the smaller of the 
two grades of.membership is chosen as the grade of membership 
,, .. 
(J, 
in the intersection. Studying Figure 3 one can see that the 
t..~ 
number 10 has a grade of membership equa~ to 1 in set Band a 
grade of membership equal to O. 12 in , set A. Any grade of I, 
membership greater than 0.12 at that point in the universe of 
discourse representing ~he number 10 is clearly outside of the 
area labeled 11 1 '', and therefore cannot be considered as a part 
of the intersection of the two sets. 
. 
\ 
··-._ 
intersection of two sets is: 
µ(A AND B) = min{µ(A, µ(B)} 4 
I. 
The formula for the . 
The union of two sets is the area labeled ''2'' in Figure 
3. After checking the boundaries of the set created by the 
union of se.ts A and, B,. it is visually obvious that the 
operation 'of union would involve choosing the maximum value 
,. 
for the ·grade of membership of anyti point in the domain. 
Written more concisely: 
µ(A ORB) = max{µ(a), µ(bJ} 5 
The last~f the··basic operation to be considered at this 
time is complementation. Since grade of membership ranges 
from o to 1, taking the complemen~ of any point that is in the 
4Ibid., p.126. 
5Ibid., p. 126.-" 
8 
• 
I ' 
universe of discourse under con~ideration can be thought of as. 
J. 
finc;ting out to w;tiat degree that point is NOT within. 'bhe r 
·-, 
do~ain, or simply stated subtracting its grade of membership 
from 1. 
µ(NOT A)· = {1 - µ,(A) }6 . 
. 
' 
Of a_, somewhat more. complex nature is the idea "of fuzzy 
.. 
' 
relations. Fundamentally, there is the binary fu·zzy relation 
between two sets, A and B, which is the fuzzy subset of their 
""~' 
. 
Cartesian product. 
~ . Or stated more simply, a fuzzy subset is 
I 
created from A .and B by pairing their elements in order and 
applying the functionµ: 
n~ 
" { µ ( ( a 1 ' b 1 ) ' ( a2, ' b2) ' • • • ' ( an ' b n) ) } ' 
4 
which is formalized as: 
µ,:Ax B ~ (0,1). 
The basic operations of intersection, union and comple-
mentation are valid for fuzzy relations,· and they can be used 
} . 
·-
to create the more complex composite functions. Given two 
fuzzy relationsµ:· Ax B ~ (0,1) and 1: Bx C ~ (0,1), their 
composite relation is den.oted l,o µ and looks like 
loµ(a,b) =_Sup~in{µ,(a,b'),l(b',c)} 7 
Sup stands for Supremum and is like applying the max operation 
over a continuous domain. For · an example of · a composite 
relation between two sets, see. Figure 4. 
6Ibid., p. 126. 
,'~ 
7Ibid., p. 144. C , I 
,., 9 ~J.-
- I • 
/11, 
-,.J.)t ' 
. 
J~st as it was important to understand the concepts of 
·' 
ope.rations and relations on· fuzzy_, sets, it is necessary to 
know how inference is handled in fuzzy logic. As in the 
. 
classical case, inference, when applied to fuzzy logic, has an . 
antecedent clause and a consequent clause. Structurally it 
looks like 
IF <something> THEN <something else>. 8 
When using ~risp sets, the usual approach to take is that if 
the antecedent is true the consequent is true. When using 
fuzzy sets there is a slight variation. The philosophy that 
is followed here is that if the antecedent is true to some 
degree then the consequent is true to no more than the same 
degree. 9 
The application of the inference mechanism to fuzzy logic 
permits the development of fuzzy production rules. 1he fuzz.y 
production rules in turn allow a fuzzy logic problem to be 
described in such a way that a computerized solution to it 
becomes a possibility. 
Since a concrete example may aid in understanding how all 
of this theory ca~ be combined into a control system, consider 
how one goes about regulating the water temperature when he 
takes a shower. For simplicity, the shower will have a single 
mixer tap, and the ratio of hot water to caid water, or more 
specifically, the adjustment to the mixer tap, will be 
8Ibid.,, p. 127. 
9Ibid., p. 127. 
• 
10 
--;,,. 
,. 
designated as the.· control variable. The state variable will 
be the water temperature, and will be measured l;)y the way the 
* 
• 
" 
. 
. ' 
~~-
• 
\'.7 • 
ltlater ''feels'' when· one inserts a hand into the flow. 
Once th~ variables have been chosen, one must decide what 
descriptors (or evaluators) are needed to describe the state 
variable. The terms 
'freezing' 
•cold' 
(' 'just right' 
'hot' 
'scalding' 10 
should allow enough discrimination between states to be of 
prac.tical use. 
It is now necessary to define the fuzzy sets that will be 
used to represent these evaluators. In order to do this, the 
scale and domain must be chosen first. It is hardly practical 
to take a the1:mometer into the·· shower to measure water 
temperature, sq an arbitrary domain of .. O to 100_ will be 
sufficient to cover the range of the defined state variable. 
The domain must be related to the state variable evaluators, 
and TABLE 1. ·lis:t:s _the· ranges of the fuzzy qualifier subsets 
for the state variable, while FIGURE 5 represents them 
graphically. 
A similar· process must be applied to the., control vari-
able. The adjustment to the mixer term set is 
•much .more cold' 
'more cold' 
'leave alone' 
10 b. d I 1 ., p. 130. 
I 
:• 
(, 
11 
I 
ft 
. 
. ' . . 
' . 
•, . 
'more hot' 
'much more hot • 1.1 ,, .. 
For the domain and definition of the control evaluators, see. 
Figure 6. 
\ 
•· 
A production rule is required for each of the state 
variable descriptors, so the· rule base would look like: 
Rl: IF 
THEN 
R2: IF 
THEN 
R3: IF 
THEN 
R4: IF 
THEN 
RS: IF 
THEN 
•water temperature• IS 'freezing 
'adjustment to the mixer' IS 'much more hot' 
'., 
•water temperature• IS 'cold' 
'adjustment to the mixer' IS 'more hot' 
'water temperature' IS 'just right' 
'adjustment to the mixer' IS 'leave alone' 
•water temperature•. IS 'hot' 
' ad·j ust~ent to the mixer' IS 'more cold ' 
•water temperature' IS 'scalding' 
'adjustment to the mixer' IS 'much more 
cold' 12 
When the shower is turned on, and the water is tested by 
inserting one's hand into it, the '\tatter temperature is found 
to be ''a little co_lder than all right, but not really cold.'' 
Three of the state variable qualifiers, 'freezing', 'hot' and 
'scalding' are not referred to in the linguistic description 
of the state variable, so they can b~ eliminated from consid-
eration for the temperature evaluation for this particular 
sampling instance. (Please note, however that the elimination 
of the three evaluators is for this time only; the next time 
that ~he water temperature is checked, it may feel 'scald-
) 
11 b. d I 1 • , p. 131. ·.• 
12Ibid., p. 132. .,. 
12 
{ 
i 
!',~ ••• 
\ 
...-.-------,,~~------
0 
\ . (. ·
.' 
r.-
ing' • ) -' All .right' is linguisti·cally similar to 'just right•, 
" 
and 'cold' · is mentie>ned several times in the temperature 
evaluation. ~eferring to the domain of the stat.e variable 
(Figure 5), the peak of the .overlap of the two remaining fuzzy 
\ subsets 'wpter is cold' and •water is just right' can be found 
at 40, so 40 becomes the value of the state variable. 
After the value of the state variable has been estab-
' 
lished, the five rules are executed, and truth.of the ante-
cedent (IF-clause) is tested against the value of the state 
variable (40). ·The truth of each antece~ent, or its grade _of 
membership in each 'Of the evaluator term sets, can be found by 
examining either Figure 5 or Table 1. When the state variable 
·1? 
value is 40 its grade of membership in each of the evaluator 
subsets • follows: 1S as 
Rl 'freezing' grade of membership: 0.00 
R2 'cold' grade of membership: 0.32 
R3 •just right' grade 7 . ' . 0.68 ofimembership: 
R4 'hot' grade of membership: o.oo 
RS 'scalding' grade of membership: 0.00 
Rl, R4 and R5 have O va~ues and make no contribution to the 
processing of the consequent, so only R2 and R3 need be 
conside~ed in order to determine the appropriate adjustments 
to be made to the mixer tap. 
As was stated earlier in this discussion, a consequent 
can be only as true as its antecedent. Because of this fact, 
all of the non-pertinent values have been removed from the 
'adjustment to the I I m1xeir set (Figure 6) ' creating the 
consequent fuzzy set as seen in Figure 7. 
13 
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Figure 7 shows that while there .. is some argument for 
adding more hot water, there is an even stronger argument for 
·" . 
-
leaving it alone. However, .s~nce. this is a problem in fuzzy 
logic, the situation does not call for ,choosing one action 
., 
over the other. The two remaining fuzzy subsets will be 
combined so that the control acti·on is representative of the 
entire consequent fuzzy subset. 
There are two methods available to translate the conse-
quent fuzzy subset into an executable control action, the '1.. 
·''maximum method'' and the ''moments method''. The ''maximum 
~ethod'' involves finding the point in the domain that repre-
sents. the maximum truth value of the fuzzy set. The ''moments 
method" requires calculating the area of the fuzzy set (the 
area under the curve o_f Figure 7), and locating the point in 
the domain at which a line perpendicular to the x-axis would 
pass through the center of that calculated area. 
The choice of methods is application-specific and will 
very often have to be arrived at intuitively. The methods 
will generally translate to two different control actions as 
will be seen later in the shower control example. A ''defuzzi~ 
,.
1
fication'' method is chosen on a control system level and is 
not modifiable for any particular sampling instance. 
The primary difference between the two methods is that 
the maximum method can lead to discontinuities in the control 
space. Referring to Figure 7, one can see that a consequent 
fuzzy subset will have at least one plateau, produced when the 
14 
J· 
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I 
consequen.t · subset is truncated so -1 that if.t will. be only as 
true . as its antecedent. This ma~imum value will remain 
constant,_ or produce a plateau in the control.space, until the 
' /' I 
' 
next fuzzy set produces its own maximum, at which point an 
abrupt transition is made to the new maximum and the pattern 
repeats itself. The major impact of this situation is that it 
makes one parti9ular rule dominant for an entire range· of 
values around the maximum. 
'• 
The moments method, on the other hand, allows for a more 
gradual transition from point to point within a control space, 
'1 / 
because it reflects a combination of all the fuzzy subsets 
' 
within that control space. For an illustration of the 
application of both methods to the shower controller see 
Figure 8. The moments method produced the wavy curve, while 
the steplike formation is the result of the maximum method. 
() 
The ,figure shows the control" space (the y-axis) as it is 
influenced by the state space range 16 thru 85. 
The moments method was chosen for the shower controller 
•· 
since sudden temperature changes in the shower seem less than 
desirable. Figure 9 demonstrates the application of both 
methods to the sampling instance in the example. The maximum 
method yields a value of o.oo while the moments method yields 
(I 
a value of +0.32 units. It would seem that the choice of the ,, 
. ., .... 
moments method" was a wise one since the "maximum method'' 
~~,. 
would involve· doing nothing, and the water temperature was not 
" 
'just right'. Using. the ''moments method". an adjustment of 
15 
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. ~ ·/ 
+o. 32 · units is, made· to the mixer tap, hopefully creating .. a 
' 
water temperature that will be •just right' when it iS checked 
agai·n. 13 
~ 
This rather simple application of fuzzy inference brings 
the discussion of fuzzy 1ogic to a close. 
undoubtedly aware, the material presented 
As the reader is 
in this chapter 
t 
barely "scratches the surface" of fuzzy logic. It is to be 
hoped, however, that enough information has been piesented to 
be of some help in understanding the selection of fuzzy 2 
controllers that is to be found in the following chapters. 
13Ibid., pp 129-137. 
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f,; 
If 
• 
0 • If.µ: Ax B ~ (0,1) is 
ij 
µ b, b2 b3 b4 bs 
"' 
a, 0.1 0.2 0 1 0.7 
a2 er. 3 0.5 0 0.2 1 ,, 
a3 0.8 0 1 0.4 0.3 
and l: Ax B ~ (0,1) is 
c, C2 C4 
b, 0.9 0 0.3 0.4 
b2 0.2 1 0.8 0 
b3 0.8 0 0.7 1 
b4 0.4 0.2 0.3 0 
b· 5 0 
~1 0 0.8 
then Sup8Min{µ(a,b'),l(b',c)} -- . 
)..o µ, c, C2 C3 C4 
a, 0.4 0.7 0.3 0.7 
a2 0.3 1 0.5 0.8 
a3 0.8 0.3 0.7 1 
The first value 0.4 is obtained as follows: 
Max(Min(O.l,0.9),Min(0.2,0.2),Min(0,0.8),Min(l,0.4), 
" Min ( 0 • 7 , 0) ) 
= Max(o.1,o.2,0,0.4,0) = 0.4. 
t/! 
FIGURE 4 - A sample composite relation 17 · 
17Ibid ._,, p. 145. 
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T ( 1) . 
0 1.00 
5 0 •. 92 
10 0.68 
15 0.32 
20 0.08 
25 0.00 
30 0.00 
35 o.oo 
40 0.00 
45 0.00 
50 o.oo 
.• .,._ 
55 0.00 
60 0.00 
65 0.00 
70 0.00 
75 0.00 
80 0.00 
85 0.00 
90 o.oo 
95 0.00 
100 o.oo 
T = Temperature 
(1) = •freezing• 
(2) = 1cold 1 
(3) = •just right' 
(4) = 1hot 1 
(5) = •scalding' 
/' 
(2) (3) (4) 
0.·00 o.oo o.oo 
0.08 o.oo 0.00 
0.32 o.oo 0.00 
0.68 o.oo o.oo 
0.92 0.00 o.oo 
1.00 o.oo 0.00 
0.92 0.08 0.00 
0.68 0.32 0.00 
0 •.. 32 0.68 0.00 
o.·08 0.92 ojtoo 
o.oo 1.00 0.00 
o.oo 0.92 0.08 
o.oo 0.68 0.32 
o.oo 0.32 0.68 
0.00 0.08 0.92 
0.00 o.oo 1.00 
o.oo o.oo 0.92 
o.oo 0.00 .0.68 
o.oo 0.00 0.32 
o.oo 0.08 0.08 
o.oo o.oo o.oo 
TA·BLE 1 - Fuzzy set definitions18 
18Ibid., p. 131. 
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IV. FUZZY CON'l'ROL OF A MODEL STEAM ENGINE 
Since ref~rences are made to· ''Mamdani 's wor.k '' in most of 
the available literature on fuzzy logic controllers, any 
. 
. 
serious review of the topic would be,incomplete if· it were to 
exclude this ·pioneer effort. 
. • . '''!' 
• 
It is also a good place to begin 
the study of the application of these controllers to particu-
lar processes since the model steam engine is much less 
complex than commercial it applications, making actual ~:.-:~···-
possible to concentrate on the fuzzy logic without getting· 
lost in the application process. 
E. H. Mamdani is the person who is credited with applying 
Zadeh' s fuzzy set theory to industrial controllers. He 
speculated that fuzzy sets would allow him to create algo-
rithms that are based on the ''rule of thumb'' approach used by 
l 
the people who performed these control functions manually. 
Prior to Mamdani's work, it was felt that heuristics were much 
too slow to be used in an actual factory setting. While such 
a ·statement . will cause the raising of many a skeptical 
eyebrow, one must remember that Mamdani's work was done in 
1974 before computers could command.the kinds of p~wer that 
they do today. 
In order· to further develop his hypothesis, Mamdani built 
a simple steam engi~e like that shown in Figure 10. The 
pressure and speed· (Fig. 10) that are generated by the steam 
engine are measured by an analogue computer, and these 
measurements are fed into the prep;rocessor (Fig. 10) which '11•.---·· 
27 
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com,pares them with operator-chosen values for speed and 
pressure called ••set point$••24 • The difference between the 
' 
current pressure measurement and the set point for pressure, is 
,, 
computed, as well as the difference between current speed and 
the set point for speed. It then uses these differences to 
create fuzzy state variables PE (Rressure §!rror) and SE (§.Peed 
~rror). It also finds the differences between the current 
pressure and speed measurements and their previous values, 
calculating two additional fuzzy state variables CPE (ghanges 
in Rressure ,grror) and CSE (Qhang;es in §.Peed ~rro.r). 
The controller (Fig. 10) is made up of two separate 
algorithms, one to decide the correction to be made to the 
heat setting (Fig. 10), the fuzzy control variable HC, and one 
1l 
to decide on necessary throttle adjustments (Fig. 10), the 
fuzzy control variable TC. Each algorithm uses a set made up. 
of all four of the fuzzy state variables,· {{PE}, {SE}, {CPE}, 
{CSE}}, in its calculations allowing f~r the interactive 
nature of the steam engine as a whole. Each time the control-
ler operates, it executes bot.h the TC and HC algorithms. 
It is important to note that these·· two algoz:ithms do not 
output a .control instruction; instead, they output a weight 
. 
. 
for each possible a~tion. These weights then become the input 
·<· 
into the action evaluator (Fig. 10) which chooses the action 
with·. the greatest weight. If two weights are equal, an action 
24E. H. Mamdani, ''Application of Fuzzy Algorithms for Control . 
of Simple Dynamic Plant'', Proceedings of· the. Institution of 
Electrical Engineers, Vol. 121, No. 12, p. 1585 . . , 
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is taken which is midway .. between them. Mamdani does not 
. : expl~in ~hat happens if more than two ·w~ights are equal~ The· 
action evaluator chooses one control action for each algorithm ,_,. 
,;.fr' 
at each sampling instance. 
There is one addi t~ional piece to· the system that is not 
included in the Figure lO_diagram. A background monitor lqgs 
.... . .. IC7'" ~ ·l 
' 
and prints out the rule that most closely resembles the 
control action. Information from this process can be used to 
tune the system to eliminate or modify any weak rules. } 
As was stated earlier, one of the responsibilities of the 
preprocessor is to translate the crisp state variables into 
fuzzy variables. In order to perform this transformation the 
crisp variable, for example the crisp value for pressure 
error, is located within the predefined domain for its corre-
spending fuzzy set, in this case PE. Both PE and SE have 
fifteen points 1.n their domains, while CPE and · CSE have 
thirteen points. 
It should be noted here that the dbmains for the fuzzy 
variables used in this system have arbitrary ranges of values. 
Since it is not necessary that the set points for pressure and 
speed be constant for all applications of the steam engine., 
the choice of an arbitrary scale of values is more practical ' 
than the use of specific ranges of pressure and speed measure-
ments would be. Because the values of PE and SE depend on the 
values'' of their corresponding set points, and- because_ PE and . . -. ·: 
,,,., 
·~,/' :- ,.,-".\{~~ 'f 
SE are used to find CPE and CSE, the domains of'"l',pE··;:,a\lld CPE 
. ' 29 
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would have to be changed every time the pressure set point · was 
,. ' I':, 
modified. In the same manner changes to the speed set point 
II ' • 
,_:,. 
.would require.changes to the domains of SE and CSE •. Use of 
-generalized dGmains elimi·nates the need for domain adjust-
ments.,. 
When the preprocessor situates PE, SE,~CPE and CSE into 
their domains, it is also placing them witnin the domains of 
- ... , ' 
one or more of the qualifier subsets. The seven basic fuzzy 
SI, 
qualifier subse"ts used to evaluate the state variables are: 
(i) PB - positive big 
( ii) PM - positive medium 
( iii) PS - positive small 
(iv) NO - nil 
(v) NS - negative small 
(vi) NM - . ~-.;_, :, . negative medium 
(vii) NB - negative big. 25 
I 
There are three additional evaluators, ANY, NO and PO. ANY is 
required for the evaluation of some of the control rules, and 
,,·\ 
. \ i 
every point' 'in its domain has a grade of membership of 1. NO 
and PO are used by only PE and SE. NO, negative O error, 
occurs just below the set point and PO, or positive O error, 
occurs just above the set point. Apart from ANY, the grade of 
membership of the fuzzy subsets ranges between O and 1. For 
example, for the fuzzy variable PE 
PB = { 0 , 0 , 0 , 0 , 0 , 0 , 0 , 0 , 0 , 0 , 0 , • 1, • 4 , • 8 , 1 } 
and 
25Ibid;, p. 1587. 
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PM = { 0 , 0 , 0 , 0 , 0 , 0 , 0 , 0 , 0 , • 2· , • 7 , 1 , • 7 , • 2 , O,} • 26 
The information about the function used to caldUl.ate grade of 
membership·in the evaluator subsets was not presented. 
ti 
The final function of the preprocessor is to use the 
• 
quaiifier subsets and the three ba·sic set operations (union, , 
intersection and complementation) to create the fuzzy state 
variables that are to be passed to the controller. It is 
I 
unclear, however, just how this is accomplished. 
The·controller takes these four fuzzy sets and uses them 
as input to the TC and the HC algorithms. Each algorithm is 
an interpreter for a set of linguistic rules. Every rule 
:: 
' 
.witqin each algorithm is evaluated as follows: 
Q 
Set C' = 0 
' 
For i = 1 to the number of rules in the algorithm: 
Process the antecedent ( if-part) of rule1 : 
1. Create a subset consisting of the grade 
of membership that each included state 
variable has in the specified evaluator 
subset (i.e., ''If PE is PB 
AND CPE is NB 
AND SE is PO 
AND CSE is NIL'' 
might create the subset {. 4, CPE7 , SE4 , 
CSE4 }). 
2. Find a= min { s~set created in 1.} 
Process the consequent (then-part) of rule1 : 
3. Find C'i = min (a, {specified evaluator 
subset for TC}) ~if the TC algorithm is 
being executed ( ''THEN TC is PB'' would 
produce min (a, {PB as defined·-for the 
domain of TC}). 
26Ibid., p. 1587. 
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4. 
Or find C' 1 = min (a, {specified eval-
uator subset for HC}) if the HC algorithm 
is being executed. 
• 
Set c ' = max ( c' , c ' r> • " 
5 • Set { TC1 } ( or { HC.1 } ) = C ' • 
After all the rules for bot~ alg~rithms have been 
executed, {TC} and {HC} are passed· to the action 
• 6, • 
• 
-
evaluator. {TC} and {HC} will each have fifteen 
elements, one for each of the fifteen possible . 
adjustments to the heat and throttle settings. 27 
.. 
The action evaluator uses the weights contained in {TC} 
and {HC} to deterinine the proper adjustments to be made to the 
heat and throttle settings. There are fifteen possible step 
changes in .the heat ~et.ting, ranging from -7 to +7. {HC} 
contains a weight for each point in this range, including o, 
and the step change with the greatest weight is the one that 
is made. The same procedure is followed in determining any 
necessary throttle adjustments. 28 
This technique for translating the consequent fuzzy 
subset into a control action does not fit into either the 
maximum method or the moments method as discussed in chapter 
3, since both of these methods deal with converting a fuzzy 
su~.~et into a crisp value. In this case, the action evaluator 
.. 
'"' 
does not translate the fuzzy con.sequent subset into a crisp 
,,.. 
value at all~ Instead it finds the_ maximum value :of the 
consequent and notes its position within the subset. This 
·position is equivalent· t.o "the position of one of the fifteen 
27Ibid.; p. 1587. 
~Ibid., p. 1585-1586. 
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possible control actions, and the action in this position~is 
the one that the action evaluator chooses. 
• • 
For e~ample, if 
Max{hc1 ,hc2 ,. ~. ,hc15 } .= hc10 
.. 
a heat adjustment of +2 would be made since +2 is the tenth 
element of the set {-7, .•• ,o, ... +7}. 
Altho~gh Mamdani included neither his testing process nor 
'\ 
any of the test results in the IEE article, he did state that 
the laboratory performance of the steam engine convinced "him 
that his fuzzy logic controller performed as well as, if not 
0 
better than, the conventiona controllers of the era. He felt 
'· 
that· the controller would work pa·rticularly. well for systems 
u 
that are hard to model, such as those used to make cement, 
chemicals, iron and steel. It was his opinion that the next 
stage of controller development should be the introduction of 
the fuzzy logic process into specific op_erations. While his 
contemporaries questioned such issues as the completeness of 
the rule base and overall system stability, Mamdani maintained 
that the limitations of the fuzzy controller were no more I 
unmanageable than those of systems employing numerical and 
analytical methods. In light of the success of the automated 
controller systems that have been based on his. model steam 
engine, several of which will be discussed in the following 
chapters, his faith in the process would seem to be justified. 
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FIGURE 10 - Schematic of the automated· controller29 
-
29Ibid., p. 1586. 
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V. A FUZZY LOGIC· CONTROLLER FOR A ROTARY·. CEMENT KILN 
'\., 
One of the earliest successful applications of a fuzzy 
logic controller to an industrial. process was made at F. L. 
Smidth & Co., a cement manufacturer, in Rordal, Denmark 
• ~ 
1978. The controller was used to automate the operation of 
the plant's ro~ary cement kiln with the goal of producing 
maximum quantities of high gl.lality ''clinkers'' at a low cost, 
,. 
while maintaining a safe environment. 30 
. . . \ -- . In addition to this 
goal, cement manufacture should remain constant · at this 
maximum level, a circumstance which requires a stable environ~ 
ment. The aµtomated controller should operate at least as 
well as skilled human operators and should use a similar 
routine control strategy. And, like its human counterpart, it 
must be able to detect any instability in the system and take 
the necessary steps to compensate for it. 
r<-- ' I 
t( ~ 1 .; < . lr-" . 
Cement clinkers are produced by heating a mixture of 
limestone, clay, sand and iron ore; and since with the method 
used at the Smidth plant there is a high water content in the 
ingredients, the JOO-foot kiln is more accurately called a wet 
process kiln; and the combination of ingredients is called 
slurry. As the kiln rotates, the slurry moves from one end to 
the other, gradually losing its·water content and undergoing 
chemical changes until it is_ burned into a ''clinker". The 
30!. G. Umbers and P. J. ·King, -11 An Analysis of Human Decision-
making in Cement . Kiln Control and the Implications for 
Automation", Fuzzy Reasoning and Its Applications, pp. 372-
373. 
' - A-' 
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heat is produced by hot gases_ which · are pulleq . through the 
ki1n by an exhaust fan that is cqntrolled by a damper. The 
process takes approximately three to four hours.· After its 
formation the clinker is cooled, and finally\Jineground into 
a powder. 
· In a manual operation, it is the operator's respon-
sibility to monitor the five primary kiln state variables: 
( i) 
( ii) 
( iii) 
(iv) 
(v) 
exhaust gas temperature 
. . 
' 
intermediate gas temperature .~ 
change in kiln drive torqlle which indicates 
the internal temperature of the kiln 
oxygen percentage in exhaust gases 
free lime content in the clinker 
. 
and to use these variables to determine whether or not to 
adjust any of the three control variables: 
(i) kiln speed 
( ii), coal feed 
( iii) draught fan speed,. 31 
Since the automated system was to mimic the control 
processes that the operators used, a thorough study of 
operator behavior was undertaken prior to designing the 
controller. Operators were interviewed for their knqwledge 
and then observed so that the practical application of the 
collected information could be experienced by the designers. 
A detailed log of the opservations was kept, · along with a 
. ·e 
record· of the state of the aforementioned eight main variables 
wa~ .updated every fifteen minutes. 32 
~·,,-~) 
The records and 
31 Ibid., p. 371. 
32Ibid., p. 373. 
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operator ;,expertise were used as a basis for automating the . 
• 
',>., 
. 
. 
. controller of~ 1150 ton-/ day Unax-cooler kiln. 
As development of the controller progressed, a study of 
' 
the records revealed, certain patterns. It became apparent 
~ 
that kiln speed was actually controlled· by increasing . or 
' ' 
decreasing the coal feed, so the control variables. were 
reduced to coal feed and draught fan speed. The developers 
also realized that monitoring the intermediate exhaust gas 
' 
temperature contributed little or . nothing to the overall 
system performance, so it was eliminated from the list of 
state variables leaving: 
(i) exhaust gas temperature 
( ii) change in kiln d.rive torque which indicates 
the internal temperature of the kiln 
(iii) oxygen percentage in exhaust gases 
(iv) free lime content in the clinker 
~he first three of the state variables are measured by 
sensors located at various places throughout the kiln. The 
free lime content of the clinker, however, is obtained from an 
external source. Sample clinkers are taken into a laboratory 
for analysis, and after the litre weight of the free lime \ 
content of the samples is obtained, it is entered into the 
system f rem a computer terminal . 33 
33Lauritz Holmblad and Jens':"\9Jergen Ostergaard, ''Control of a 
Cement Kiln by Fuzzy i,ogic'', Fuzzy Information and Decision 
Processes, p. 397. 
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The term set of fuzzy 
j I. 
evaluators for·the state variables 
" ' 
are LOW, OK and HIGH.~ An arbitrary domain of. (-1, 1) has 
been established and applies to all four of the state vari-
I 
ables. Larsen35 refers to the fact that ,grade of member~hip 
; 
. 
in the 0 fuzzy sets is computed using exponential expressions, 
and Holmblad. and Ostergaard36 make the same claim, but 
neither article states what particular exponential· express-ions 
were used. 
Nine···fuzzy evaluator sets are used to describe the two 
control variables, coal feed and draught fan speed. They are: 
LPOS: Large positive 
·. MPOS: Medium positive 
SPOS: Small positive 
ZPOS: Zero positive 
ZERO: Zero 
if 
ZNEG: Zero negative 
SNEG: Small negative 
MNEG: Medium negative 
LNEG: Large negative. 37 
Like the state v,riables, the control. variables have a 
I 
universe of disco}irse ·. ranging from -1 to 1, and grade of 
I ~ 
membership wit,hit their ev~l~tor sets :i..s also establish.ed by 
' ' 
~. 
.-· 
,, 
an exponE!ntial expre.ssion. Here, .. again, no specific expo-
·····~ 
nential func:tions were defined. 
. 
' 
'"· 
' '. ,t 
Before designing the fuzzy control rules the following 
strategy, based on ~, t~e relationship·· between the control 
variables and the state variables, was formulated: 
' 
34Lofti Zadeh, "Making Computers Think Like 
1 People", IEEE 
Spectrum, August, 1984, p. 29. 
35P. Martin Larsen, . ''Industrial Applications of Fuzzy Logic 
Control", Fuzzy Reasoning-and Its Applications, p. 341. 
36Holmblad and Ostergaard, p. 399 •. 
.... ''"'"r'· 
37Ibid., p. 399 •. 
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(1) if the·coal-feed rate is .increased, the kiln 
drive torque and the temperature in the ex-
haust chamber will increa-se, while the oxygen 
percentage and· the free .lime qontent of the 
clinker will d~crease; 
(2) ' if the draught fan spee~ is increased, the 
temperature in the exhaust chamber and the 
free lime content of the clinker will in-
crease, while the kiln drive torwie and the , 
oxygen percentage will decrease. 
The control rules are divided into two groups, one to 
regulate the rate of coal feed, the other to control the 
,. 
draught fan speed, and there are rules that reiate each of the 
evaluators of each state variable to each of the control 
variables. For example, there are three rules that account 
for the relationship between coal feed and oxygen: 
IF •oxygen' • 'low' THEN 'adjust coal' • MNEG 1S 1S .. 
IF •oxygen' • 'ok' THEN 'adjust coal' • ZERO 1S 1S 
IF •oxygen' I 'high' THEN 'adjust coal' • MPOS. 39 1$ 1S 
These rules are demonstrated graphically in Figure 11 assuming 
I I I 
an oxygen reading of 1.21%. 
C 
As can be seen in Figure 11, 1.21% oxygen has a grade of 
membership of 0.42 in LOW, of 0.99 in OK, and of o.o in HIGH. 
Carrying these values from the antecedent to the consequent 
" 
clause, 0.42 will be the g-~ade of membership of MNEG and 0.99 
~-. 
I . '" .. 
.. 
will be the grade.of membership of ZERO that will be combined 
I . 
) 
to. create the consequept fuzzy set,, seen in Figure 12. The 
I I 
controller then uses tthe ''moments method'' to arrive at tha I 
I 
/' 
----// 38 · Larsen, P.• 337. , 
39Holmblad and Oster aard, p. . 3 91. 
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adjustment to be made to the rate of coal Y.feed. For a mbre ~ . 
. det~.iled review of .;·uz zy inference, please refer to chapter 3. 
In order to implement the controller, a specialized 
' . 
language called,: Euzzy ~ontrol La.ngµage (FCL) was -created-. FCL 
is an interpreted language and has an overhead of 32 kb. . ·It 
was designed to be user-friendly and to require no computer 
expettise. While no evidence was presented to prove that the 
FCL usability goals were achieved, Holmblad and Ostergaard do 
claim that it is being used by operation personnel who are not 
required to be computer literate. 
The entire control system consists of seven FCL programs 
and a program called GLOBALS which serves as a communication 
interface among the other modules. The first of the FCL 
programs, BMPLESS, is designed to allow smooth transfers from , .. 
operator control to the automated controller or vice versa 
when the operator needs to interact with the system. 
While the kiln is in operation, it is either in a stable ~', 
state showing only small variations in torque drive measure-
ments or in an unstable state with large torque drive 
fluctuations. These torque drive measurements, performed by 
the FCL module 04MIMON, determine which of the remaining five 
FCL programs are to be executed at any given time. 
When 04MIMON finds unstable conditions,- it executes 
program 040CMOM to adjust coal feed. until conditions stabi-
lize. .- During stable. operati9ns, 04MIMON executes module 
·. ;L J • 
04CONTL to adjust both coal feed and draught fan position in 
40 
') 
·,, I 
., 
. \~' 
.1 '. 
an attempt to maintain this steady state. The execution of 
u • • 
both 040CMO)J and 04CON:T.ta. will: effect all .. four of the state 
' ." 
~ 
variables as pointed out -in the control strategy. 
After an operator-has entered a new litre.weight via the 
BMPLESS module, and the BMPLESS module has switched to 
04MIMON, 04MIMON ·executes program 04LTVAD. The · primary 
function of 04LTVAD is to compensate for the difference in 
time be.t.,een when····"the clinker sample was taken and when its 
\ 
value became available to the system as.a state variable. ~ 
04NOXCH measures the amount of nitrous oxides in the 
exhaust gases, and since the adjustment of nitrous oxides is 
used ·to control the free lime content of the clinker, 04NOXCH 
is executed in conjunction with 04LTVAD. 
Finally, 04MIMON submits 04COCON_ to measure and adjust 
the carbon oxides in exhaust gases. 04COCON, like 040CMOM, 
operates in both a stable and an unstable environment. 40 
The fuzzy logic controller is a part of a Supervision, 
Dialogue and Reporting (SDR) System. It is operated on a 256 
. 
kb minicomputer; avail.able peripherals include a pr,inter, a 
graphics capable operator terminal and a system console. It 
requires no peripheral storage. All the interface equipment 
I 
and power packs are built . into a cabinet along with the 
computer. 
The more traditional approach to building a cement kiln 
controller would have been to design a mathematical model of 
40rb· Id 1 ., pp. 396-397. • 
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the kiln. This model would have made it possible to automate 
i -·· 
the cement making process to- a greater. degree than in the past .. 
. ' . . . . . . . 
when most of. the controllers were s1mpl1st1c closed loops. 
' 
However, it was felt that a mathematical model would not be an. 
appropriate tool since it would require ••using absolute, 
numerical quantities," when human operators are more likely 
''to think and act according to· approximate relationships 
involving vaguely defined, linguistic quantities like 'high 1 , 
'small 1 , 1 OK 1 , etc. 1141 
Once the commitment to use fuzzy logic was made, there 
were some very fundamental problems to. be solved. One of 
'·\ -="·;- . these was, of course, that the use of fuzzy logic to control 
·. I 
an industrial process was so new at the time that while the 
system was being designed, many of the fuzzy logic theories 
were, themselves, still under development. 
Another of the major decisions that had to be made was 
. 
, 
how to determine grade of membership for the evaluator sets. 
The developers decided to follow earlier precedent and 
represe.nt them as exponential expressions, a practice which 
experts" feel "seems to agree with_ psychophysical observa-
tions. 1142 As was pointed 
; . 
out earlier, no details were 
presented about the specific exponential expressions used . 
In an altogether different area, difficulties were 
encountered when attempting to gather the expert data. · It wa.s 
41 Ibid., p. 389. 
42Larsen, ·~-- p. 3 41. 
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found that the operators couldn't always adequately eXpl.ain 
their behavior. Furthermore, the designers discovered that in 
., ' 
. 
'•, . ' . 
many cases, operator behavior was not optimal and needed to be 
improved in the design of the : automated system._43 The t 
conclusion that performance needed to be enhanced prior to 
automating the system is supported by the ·superfluous measur-
ing of intermediate exhaust gas temperature and the unneces-
sary adjustme-nts that were_ made to kiln speed. 
By the end of the initial testing (March to June, l978), 
1 
it had been determined that the fuzzy logic controller 
produced results that were slightly better than those achieved 
by human operators. Con1:pany personnel realized that there was 
also a reduction i~ fuel consumption during this time period 
which they attributed to the new method of control. 44 
After about two years of being the routine operating 
system at Smidth & Co., it was found that the controller was 
able to keep the kiln running smoothly with improved product 
quality, operational economy and ~onger equipment life. For 
these reasons, the controller was deemed a success, a fact 
which rlolmblad and ,.-·ostergaard attribute to the use of fuzzy 
logic instead of the more traditional mathematical models 
which very often " ••• tend to become so simple that they are 
either unrealistic · or so complex that they are impracti-
43Umbers -and King, p. 3 8 0. 
44Larsen , p • 3 4 O • 
43 
• 
cable. 1145 
. , 
The fact that the kiln controller is currently 
marketed throughout · ~estern Europe cind · the U. · s • 46 lends a 
.. good deal of credibility to this belief • 
• 
45Holmblad and Ostergaard, p. 398. 
\ 
46z.adeh, p. 29. ~ 
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FIGURE 11 - Illustration of grade of membership47 
47Holmblad and Ostergaard, p. 3 91. 
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FIGURE 12 - Consequent fuzzy set48 
48Ibid., p. 392. 
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VI. FUZZY CONTROL AND AN ATO 
·, 
Another. fuzzy logic controller .. that has become commer-
cially successful can be found as part of the Automatic Train . .. ··· 
' 
V'°".,, 
Operation (ATO) System at the sehdai Municipal~. Subway System 
in Japan. The ATO controller is of the type known as a rJ\_~\ 
• 
{ r ' 
' 
.. 
predictive controller. The term predictive refers to the fact 
that before outputting a command, the consequence of each 
command is estimated by simulating the related control rule, 
and the command whose anticipated outcome is considered to be 
the most desirable is chosen. This particular method of 
selecting the control command was introduced because the 
developers felt that conventional fuzzy controllers don't 
evaluate command results in the same way that human experts 
do. 49 
· The predictive ATO has some fundamental principles in· 
common with the cement kiln controller. Like its predecessor, 
it uses rules based on the behavior of skilled human opera-
tors. It also uses the rationale of fuzzy logic to allow 
direct implementation of linguistically expressed control 
rules, some of which are vaguely communicated in their 
original forms. The primary differences are in the ATO' s 
ability ~o evaluate the probable outcome of its actions prior 
49Shoji Miyamoto, Seiji Yasunopu and Hirokazu !hara,. ''Predic-
tive Fuzzy Control. and Its Application to Automatic Train· 
Opet:ation Systems'', Analysis of Fuzzy Information, Vol II,. 
Artificial Intelligence and Decision Systems, p. 60. 
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i .\to implementing ~hem and. in the· use of fuzzy · numbers to 
.. /,:.1 
'· ' 
describe its state variables. 
The evaluation of probable. results before choosing a 
course of ,action is also the primary difference between the 
\ 
predict·i ve ATO and its predecessor ATO' s. In previously 
existing ATO's, mathematical rules were used to generate an 
, .. 
unalterable pattern that was · followed by the train as it 
traveled along the tracks. The developers of the ·current 
-system felt that this method of control was in direct con-
tradiction of human operator policy which involved constant 
weighing and measuring of a total and changing environment. 
The use of simulation to predict results prior to choosing a 
command was introduced to eliminate what they felt was the 
over-simplification of the earlier systems . 
·-· 
Any ATO, regardless of its decision-making policy, must 
take steps to control the train safely, assure the riding 
comfort of its. passengers, stop smoothly at. its destination, 
stay on schedule and be energy efficient. In order to achieve 
these goals, it attempts to emulate its human counterparts by 
<> 
evaluating its performance in each of the goal areas. The 
predictive ATO uses a two-functional strategy, Qonstant .§peed 
_gontrol (CSC) and .train sutomatic .§.top Qontrol (TASC). CS,C is ' 
used to start the train and to keep it within the speed limit. ,., 
TASC controls deceleration to allow for stops • 
. 
In order to keep the train running at a reasonable rate 
of speed, the cs~ uses the following control strategy: 
48 
I 
• 
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,· 
c-1. For safety .. -- if tbe speed o·f the train e·x-
. cee~s the .speed. limlt, the. maximum bra~e notch 
is selected. · · 
c-2. For saving energy -- if coasting can satisfy 
the scheduled running time, coasting is·con-
tinued. ., 
C-3. For shortening running time --if the speed is 
. 
' . . . 
. 
-f~r below the limit, the power notch is se-
1 ected •. ,, " ~"-
C-4. For riding comfort' -- if the train speed is 
in the predetermined allowance range,·the 
control notch is not changed. . 
C-5. For traceability -- if the notch is kept con-
stant. and the train· is about to go out of the 
allowance range, a notch is selecteq so that 
the target speed may be traced accurately. In 
this case, for riding comfort, notch change 
frequency is considered. 50 
TASC functions each time it detects a posi,tion marker 
along the track. Each marker reports the train' s position in 
relationship to its, destination. TASC control strategy is: 
T-1. For riding comfort -- when the train is in the 
TASC zone, the control notch is not changed if. 
the train will· stop in th.e predetermined 
allowance zone. 
T-2 • For shortening running time and riding comfort 
-- when the train approaches the TASC zone, 
the notch is ·changed from maximum acceleration 
to deceleration by degrees. ~ 
T-3. For stopgap accuracy -- when the train is in 
the TASC zone, and will not stop within the 
predetermined allowance zone, a· notch is 
selected so that· the train stops accurately at 
the target position. 51 
Six state variables, or performance indexes, were chosen 
to implement the control strategy: safety, riding comfort, 
energy savings, traceability, running time performance and 
' 
stopgap ·accuracy. Safety, energy savings and traceability are 
50Ibid., p. 63. 
51 Ibid., p. 63. 
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measures used by the csc.. Stopgap accuracy is the concern of 
the TASC, and riding comfort .~ and running time indexes are. 
cons·idered by both of the operating ·modes • 
.. 
Three fuzzy functions are used to define the domains of 
the performance indexes. The parameters vary according to 
., 
which of the indexes is being defined. The use of fuzzy 
number theory allows the system to respond to changes in its 
operating environment, such as a wet track one day and a dry· 
one the next. The need for this ability in a controller is 
dependent upon the process to which the controller is to be 
applied. Fuzzy numbers would serve no purp-ose in a controller 
like Mamdani's, for instance, where there is no variation of 
any consequence in the operating conditions. The fuzzy number n 
. 
. ) 
functions developed for the ATO are: 
A(x,a,b) = b/(a + b - x) 
= 1.0 
= 0.0 
: X < a; 
: a< x; 
: X <a+ 2b; 
b > 0 
,.. 
b > 0 
b < 0 
= 1.0 + (a - x)/2b: a+ 2b < x < a; b < o 
= 1.0 : a< x; b-< 0 
B(x,a,b) = A(a - x, a, x) 
C(x,a1,b1,a2 ,b2 ) = min((A(x, a 1 , b 1), B(x, a2 , b 2)) •
52 
Application of the above functions to the specific 
performance indexes is made in the following manner: 
1. Safety 0 is evaluated by the time it takes to 
reach the speed limit. Its fuzzy evalua'bors 
are: 
52rbid. , p. 64 • 
50 
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a. Danger(SD): µ~ 
b. 
,, 
~ 
Which is derived by: 
µ 50 (ts) = .~(ts/ 0.0, - Ts) 
Safe ( SS) : µ,55 
Which is derived by: 
P.ss<ts) = B(ts, - Ts, - Ts) 
2. Riding comfort is evaluated by the degree of 
the last command change and change frequency. 
Its fuzzy evaluators are: 
a. Good Comfort(CG): µ,~ 
Which is derived by: 
J.'cG(tc,Nc) = A(tc, Nc, - Nc + Cb) 
b. Poor Comfort(CB): µcs 
Which is derived by:_ 
µ,ca'Ctc,Nc) = B(Cb, Nc, - Nc + Cb) 
3. Energy savings are found by deciding how much 
of the time period was spent coasting. Its 
fqzzy evaluators are: 
a. Energy-saved running (ES) : ·µ,Es 
Which is derived by: 
µ,ES = B ( X ( t ) , Xie , - Ex) 
b. Not energy-saved :r;unning ( EN) : 1-'eN 
,-. ,.v 
Which is derived by: 
µ,EN = A ( X ( t) , Xie + Ex , - Ex) 
4. Traceability is evaluated by the difference 
be:tween predicted speed and target speed. Its 
fuzzy evaluators are: 
a • Good trace ( TG) : 1-'rG 
Which is de,rived by: 
51 
" 
0 
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b. Accurate trace (TA) : µTA · 
Which is derived by: 
•' 
c. Low· speed (TL)~= µTL 
Which is derived by: 
µTL (Vp (N)) = B (Vp (N) , Vt/2, Vt/ 4) 
5. Running time performance is evaluated by a start 
point for TASe· based on train' speed. Its fuzzy 
evaluators are: ~ 
a. In TASC zone (RT): µRT 
Which is derived by: 
µR1 (t2) = B(t2 , 0.0, - Rt) 
b. Not in TASC zone (RF) : µRF 
Which is derived by: 
µRF(t 2 ) = A(t2 , - Rt, - Rt) 
6. The accuracy of stopgap is evaluated by the dif-
'f erence between the predicted stop position and the 
target position. Its fuzzy evaluators are: 
a. Good stop (GG): µ6G 
Which is derived by: 
" 
b. Accurate stop (GA): µGA 
Which is derived by: 
µ.GA (Xp (N) ) = C (Xp (N) , Xt, Xe, Xt, Xt, Xe, Xt) 53 
The symbols used in these algorithms can be found in Table 2 '· 
53rb·d · 1 ., pp. 64-66. 
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· The co.ntrol variables are the adjustments to the power 
and braking 11 notctie.s 11 • Powering notches,. PO· thru P7, rarige 
from not applying any power to applying the maximum amount. 
~ 
0 
Braking notches are BO to B9, with BO··· meaning no braking· .and 
B9 .meaning maximum .v braking. The control variables are crisp 
values and are stated as a specific notch (like P7), o 
(meaning do nothing), or as a relative number of notches to 
move from the current position (like DN = +3 which translates 
as "increase the power 3 notche·s from the current notch'') . -"j, 
The ATO is one part of a larger control system, the ATC 
(Automatic ~rain ~ontrol system). The other part of the ATC 
. is the Automatic ?rain frotection system (ATP) • System input 
-·~: 
consists of " ••• distance pulses from the tacho-generator, cab 
' 
signals of the ATP on-board system, position marker detected 
signals, and supervisory commands from the automatic train 
supervision system (ATS) • 1154 P9wering and braking commands 
' ,,,._,~-:,t .·. . 
are the output. Any control command issued is a function of 
the time at which an input signal is received, train speed at 
signal time, the maximum speed limit as indicated by the ATP, 
the particular point from which the signal was received, 
whether the train is accelerating, decelerating or coasting, 
and the train' s departure time. The commands are termed 
notches; control actions with positive values are considered 
power notches and those with negative values, brake notches. 
54Ibid., p. 61. 
53. 
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There are only nine control rules, but they are evaluated 
. 
~ 
every lOQ msec. System input is translated into the current 
state of .the control v~riables and their performance indexes 
are created using the three ·· fuzzy number functions. A 
. 
. 
microcomputer then simulates ·the outcome ·of each rule given 
the current state of the performance indexes. If there are 
multiple indexes in one of the rules, the minimum value is 
used as the value for the antecedent. All results are 
compared, and the rule having the maximum value is issued as 
a command by the controller. 55 
The symbols used in the rules stated below are the same 
as those used in the performance ingexes; DN represents a 
' difference in notches from the current notch, with Pn being 
(i 
~-
the power notch and Bn the brake notch. As stated previously 
there are seven power notches and nine brake notches avail-
able, and a positive value for N means apply power while a 
negative one calls for braking. 
1. CSC Rules 
C-1. If (N is N(t) + B~x)/2 ,~Sis SD), then N is 
( N ( t) + B~x) / 2 . 
C-2. If (N is O ~Sis SS, C is CG, and Eis ES), 
then N is o. 
C-3. If (N is P7 ~Sis SS, C is CG, and Tis TL), 
then N is P7 
C-4. If (DN is O ~Sis ss and Tis TG), then DN is 
o. 
C-5. If (DN is n ~Sis SS, C is CG, and Tis TA), 
then DN is n (n = ± 1, ± 2, ± 3). 
55Hiroyasu Oshima, Seij i Yasunobu, and si\in-ichi Sekino, 
''Automatic Train Operation System Based on Predictive Fuzzy 
Control'', International Workshop on Artificial Intelligence 
for Industrial Applications 1988, p. 487. 
54 
2. TASC 
T-1. 
T-2 .• 1. 
T-2.2. 
T-3. 
' Rules 
If (DN iso-+ R is RT and G is GG), then 
DN is 0. 
' 
If (N is O-+ R is RF and C is CG), then N 
is-0. 
If (N is 1-+ R i~ RT and C is CG), then 
N is 0. 
If (DN is n-+ R is RT, C is CG, and G is 
GA), then DN is n (n = ± 1, ± 2, ± 3) •
56 
/. 
As can be seen in the above rules, the implicatio
n of 
each control action is considered prior to choosing
 a control 
command. The most appropriate rule is chosen by s
imulating 
the execution of each rule, comparing their re
sults, and 
choosing the rule that evaluates to the maximum v
alue. The 
· predictive fuzzy control algorithm 
r. = 1 Sup 
x,y f U X V 
is described as 
where r 1 represents the ith rule, C1 is 
the control variable 
from r 1 , µPi(C 1:x,y) is the ''if part'' of r 1 , and t is
 the time 
of execution of the rule. 57 The Sup operation is 
discussed 
in Chapter 3. 
Prior to its marketing the system was tested usi
ng a 
simulated environment, and its performance was com
pared with 
, ..
that of a PID (~roportional .Integral ~eriva·tive) ATO which is 
the more conventional type of controller for an
 automated 
train system. The trial consisted of a 1000-m tr
ip. Re-
sulting figures showed that there was no improvemen
t shown in 
controllability of the train, but that the fuzzy c
ontroller 
56Miyamoto, Yasunobu, and Ibara, p. 67. 
57Ibid., pp. 60-61. 
55 
" 
,, 
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required substantially . fewer notch changes, thus greatly 
increasing . passenger comfort. The performance index 
4 for 
l}'-
stopgap accuracy showed considera:ble improvement over its PID 
.,counterpart. The stopgap for the fuzzy controller was o-. 03 m 
as opposed to a PIO stopgap of 1.33 m. And, finally, the 
fuzz·y ATO ··Was able to shorten running time by 10% and fuel 
\ consumption by 28%. 58 
The obvious conclusion to be drawn from the simulation 4 
results is that the predictive fuzzy controller perfo·rms 
better than the conventional ATO. Test runs at the Sendai 
1. 
system were just as successful, so the controller was in-
stalled there and has been operating satisfactorily since 
July, 1987. 59 
58Ibid., pp. 67-71 .. 
590shima, Yasunobu, and Sekino, p. 489. 
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t: 
X (t): 
v(t): 
N(t): 
X (t): 
ts: 
Xk: 
X2 (v) : 
. ~l 
, . ' . '• ._,.,, ' 
t 2 = {X2 (v) - x (t) ) /v (t) : 
tc: 
NC: 
NP: 
VP (NP) : 
Ve: 
XP (NP) : 
Xe: 
SYMBOL TABLE 
Time (sec) 
Location of train (m) 
Velocity· of train (km/hr) 
Control command.notch 
Target position of next station (m) ·1 
Target speed, (km/hr) 
Predicted running time (sec) 
Forward location where the 
maximum speed is lower (m) 
Time to reach Xd point (sec) 
Ending location of coasting (m) 
Beginning point of TASC zone 
(m) 
Time to TASC zone (sec) 
Time from last notch change 
(sec) 
Number of last command notch 
Control command notch to be 
selected 
Predicted speed w~en NP notch 
is selected (km/hr) 
Velocity allowance range 
(km/hr) 
Predicted stop · position if NP 
notch is selected (m) 
Allowance of stopgap (m) 
TABLE 2 - Symbols60 
60Miyamoto, Yasunobu, and !hara, p. 64. 
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VII. ELEVATOR GROUP-SUPERVISORY CONTROL 
A CRISP/FUZZY EXPERT SYSTEM 
As .. the recent ·. TIME article pointed out, · many of th·e 
latest fuzzy logic c~ntrol applications are being developed in 
·~ 
Japan, and this automated elevator control system, like the 
ATO, is no exception. It was designed to meet the demands for 
better elevator control 1n high-tech, computerized buildings. 
While there were automated elevator,,controllers in existence 
prior to this one, people at Mitsubishi Electric Corporation 
felt that the technology that was being used for elevator 
control was out of synch with the technology of the rest of 
the building. 
The function of an elevator controller is to choose the 
best elevator car to answer a hall call, that is, to respond 
when the elevator button is pushed. Historically one of three 
methods was chosen to perform this task. One of these, called 
a ''Scheduling Method'', moves the elevator car from one end of 
the ,. 1 ine to the other with stops in between; in short, the 
elevator functions much like a bus. Another approach, the 
''Demand· Zoning Method", involves dividing all the possible 
elevator stops into zones and making each car responsible for 
one or more groups of them. Next camei' the ''Call Assignment 
Method" which uses some numerical analysis techniques to 
' 
determine which car t~e controller should assign to answer a 
58 
. ' . 
' 
hall call. 61 , Expert systems have traditionally not been a 
part of these control methods beca~se it was felt that the 
. . ' . 1ntroduct1on of expert knowledge would make the numerical 
calculations very long and very complicated requiring an 
undesirable.amount of number-crunching. Most of the conven-
tional group-supervisory controllers currently available use >,Y 
,. 
the aforementioned ''Call . Assignment , Method''; they are not 
knowledge-based systems. 
A group-supervisory pontrol system is made up of one 
group controller with three to eight elevators in a group. 
Each elevator has a car controller. The group controller and 
all the car controllers interact with a micro-computer. There 
may, of course, be multiple ·elevator groups within a single 
building. Additional peripheral equipment consists of hall 
buttons, hall lanterns and chimes. 
When a call button is pressed, the group controller: 
1. Registers·the hall call 
2. Selects and assigns the best car to answer the 
call 
3. Sends a signal to the car controller of the 
assigned car 
4. Sends a signal to the hall to: 
a. Light up the lantern at the assigned 
elevator 
b. Emit a chime to notify the passenger that 
his call has been registered. 62 
61Shintaro Tsuji, Masaaki Amano and Shiro Hikita, ''Application 
of the Expert System to Elevator Group-:Supervisory Control'', 
Proceedil;lgs of the Fifth Conference on Artificial Intelligence 
Applicat:1ions, p •. 289. · 
62Ibid., pp. 288-2·89. 
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All of these tasks must b.e. performed in· a manner which is · fast 
... 
enough. to· satisfy the person who is awaiting the elevator car. 
. . ' " 
While the supervisory system must deal with minimizing 
.. 
the amount of time that it takes for a c_ar to~arrive at its 
destination, 
I e 
energy consumption, and . ' 
. improving reducing 
passenger convenience and comf o~, there are two primary 
,. 
criteria for measuring system performance. These are: 
1) Waiting time: 
2) 
Usually, the total amount of time required for 
a car to arrive after a hall call is regis-
tered represents the waiting time, and system 
performance is evaluated by the average wait-
ing time, the rate of long waits and the 
distribution of waiting times. In general, 
service is judged good if the average waiting 
time does not exceed 20 seconds and the rate 
of long waits (those lasting 60 seconds or 
more) is 3% or less. 
Accuracy of prediction: 
If a car other than the one predicted to ybe 
assigned answers the car call and arrives 
before the car that has been predicted to be 
assigned, it is called prediction error. 
Prediction errors displease passengers waiting 
in the hall, since they will be waiting at the 
wrong car. The rate of prediction errors is 
generally judged good if it does not exceed 
st63 
In order to improve elevator service a new elevator 
group-supervisory controller was developed at Mitsubishi 
Electric Corp. The new controller combines both knowledge-
based production rules (PREX) and fuzzy logic (FREX) as can be 
seen in Figure ~13. FREX is used to determine which car is the 
best one to assign to a particular hall call, while PREX makes 
63Ibid., p. 289. 
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th·e actual assignment and controls most of the system opera-
tions. 
' 
Much of the knowledge base for PREX was created by simu~ 
lating optimal elevator performance and not by soliciting 
I 
.. 
' 
input from experts in elevator control. This procedure was 
fallowed in order to overcome difficulties encountered in 
attempting to gather mathematically precise ·data from traffic 
flow experts. 
Once the decision to create a knowledge-based system was 
made, the designers were faced with finding the best way to 
deal.with the fact that the expert data was seldom precisely 
measured, but instead contained ambiguous expressions like 
' 
''the car is in the high-zone" and ''the number of cars is 
large". Rather than attempting to make crisp thresholds for 
such terms as ''large'' and ''high-zone'', they decided to use 
fuzzy logic as a means to deal with the vagueness of the 
available information. 
The state variables that were chosen for the system are 
,• 
•call position', 'car conce·ntration' and ' free cars' • 
' 
The} 
first of these, 'call position', refers to the number of the 
floor on which the elevator button was pushed. •car concen-
tration' describes where the cars are at the time of the new 
call with emphasis on how they are distributed throughout the 
building. ' Free cars ' is the number of cars that have no 
assignments when a call is received. 
61 
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Unlike the cement kiln controller and the ATO, FREX does 
not -use_ individualized evaluator term sets to describe the 
. " 
three state variables. Instead, it uses the descriptors 'LT', 
'EQ' and 'GT' as shown in Figure 14 for all of them, grouping 
similar descriptive terms into the appropriate category. For 
instance, such term.s from the linguistically stated rules as 
''high zone'', which is used to describe 'call position' and 
''large'', which refers to the number of 'free cars' are grouped 
into the generic 'GT' descriptor. 
Grade of membership in one of the fuzzy evaluator subsets 
is a function of the particular evaluator subset, the specific 
state variable' the value from the domain of the state 
variable for which the grade of membership equals one (in a 
twelve-story building, for example, this value for the 
evaluator 'GT' would be twelve) , and the number of points from 
the domain of the state variable that fall within this 
evaluator subset. If, for instance, the range of the evalua-
-~ 
tor subset 'GT' is 8 through 12, the value for this parameter 
would be 5.- In Figure 14 the latter two function inputs are 
labeled 'a' and 'b' respectively. No inf or1nation was present-
-,.1 
ed on exactly how the grade of membership was calculated from 
the four parameters described. 
There is one control variable, 'choice of car•. It is a 
crisp value representing an actual car number. It is arrived 
at by first, el·iminating the least likely candidates as 
determined by the_ consequent of a particular rule; and 
62 
n 
finally, picking an exact car from the remaining candidates by 
,executing the evaluation function in the· consequent of the 
' ' 
same rule. Unfortunately, no information was provided about· 
·-· 
the steps.involved in the elimination of unlikely cars and the 
• 
choice of the most appropriate one. 
The production rules 1tfor both FREX and PREX · are grouped· 
by function. The fi,:-st group consists of those rules, that are 
applied when a hall call is registered. These are the rules 
which permit the removal of inappropriate cars from consider-
ation for assignments and guarantee an assignment procedure 
that is cognizant of the traffic patterns at the time of the 
call. The second category are those rules which apply with or 
without calls. Examples are the rules which detect current 
traffic conditions and the ones which alter th«f'parking of 
idle.cars when a shift is detected in areas of congestion. 
Grouping is done so that only those rules that apply to a 
current situation will be executed, thus eliminating the 
additional time spent processing inappropriate rules and, in 
the FREX case, minimizing their impact on the choice of car 
since this choice is made by weighing the results of multiple 
rules. As can be seen in Figure 13, the FREX portion of the 
I 
. 
group controller is divided into a Ru~e Selector and a Rule 
Executor. It is the Rule Selector's responsibility to 
eliminate,· or flag, any rule that is inapprop_riate to the 
current state before the Rule Executor begins its operation. 
' A typical fuzzy rule looks like: 
~-
63 
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IF (A new·hall call (x) in the high-zone is.regis-
tered) 
AND (The number of cars which are .ascending to 
the high-zone i.s large.·) 
AND (The number of free cars is small.) 
THEN (Select cars (z) except free cars in the group 
-as candidates.) 
AND (Select one assigned car from among the 
candidates by using the evaluation func-
tion.) 64 
Truth values are calculated for all . the applicable 
rules, using AND (Min) and OR (Ma'.x) operations, and the rule 
with the highest truth value is selected. For instance, if 
the condition part of (F-RULEn) is 
(condition-nl) OR (condition-n2) 
AND (condition-n3), 
and the truth values of the respective conditions are Cnl, Cn2 
and Cn3, then the truth value of (F RULEn) is calculated as 
-
en= Min{Max{Cnl,Cn2},Cn3}. 65 
As was stated earlier, once all the rules were evaluated, the 
one whose antecedent has the higpest truth value is .chosen, 
and the control action described in the consequent is carried 
out. It should be pointed out that the developers use the 
.. 
term ''certainty values" to describe truth values, a somewhat 
confusing practice, since ''certainty factors'', the uncertainty 
technique used by MYCIN, are a very 
analysis tool than fuzzy logic. 
64Ibid., p. 291. 
65 • ~. . Ibid., p •. 292. 
' C 
64 
different decision 
As an example of the ;application of the control rule. 
stated above, consider the situation in which a building has 
-
twelve floors and four elevators, two of which are free. and 
two of which are ascending to answer calls in the high-zone. 
,, 
A study of the building's traffic patterns ·has revealed that 
the busiest floor is always the first. One of the free cars, 
no. 2, i.s on standby on the second floor, and the other, no. 
4, is on standby on the sixth. The two ascending cars, no. 1 
and no. 3, are answering calls on the eleventh and twelfth 
floors respectively. 
The obvious choice of car, and the one that would be made 
a conventional group controller is no. 4. However, sending 
car no. 4 into the 'high-zone' would concentrate three-
quarters of the available resources into one zone, causing a 
situation known as ''bunching''. And it would leave only car 
no. 2 to deal with all the calls in the 'low-zone', the zone 
known to be the busiest, causing deterioration of service to 
that area. 
With these faqts in mind, recall the sample rule above. 
Evaluating the antecedent of the rule would produce the 
circumstances as shown in Figure 15. The tenth floor (Call 
• in position) has grade of membership O. 9 ' GT ' ; two cars 
ascending to the 'high-zone' (Car concentration) has grade .of 
membership O • 8 in ' GT ' ; and two free cars ( Free cars) has 
grade of membership 0.9 in 'LT'. Following the previously de-
scribed method, 
65 
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. . . M1n{Max{0.9,0.9},0.8} = 0.8 ! ' (, 
is found to be the truth value of the antecedent clause. 
J . 
' 
~ 
This 1::~th value would. then be compared to the results of all 
other rules in the group. The rule with the highest value is 
the one whose consequent is issued as a command to the 
controller. 
To follow through with the example, let us assume that 
0.8 was the maximum truth value and that the·example rule was 
chosen for execution. The first THEN clause of t;he consequent· 
would eliminate cars no. 2 and no. 4 since they are the free l 
cars and will be reserved for service in the busier 'low- ·· 
zone' . The remaining two cars, no. 1 and no. 3 will be 
evaluated by an "evaluation function'' as stated in the second 
THEN clause, and car no. 3, which has the best evaluation 
value, is assigned to answer the new call. No further 
information was presented on the ''evaluation function'', so how 
. ' 
the choice between cars no. 1 and no. 3 is made is unknown. 
When all of the development was completed, the system was 
tested by means of an especially built simulator. To provide 
a basis against which to measure the results, identical 
simulations were conducted using a conventional non-expert 
system as well. Results of the simulation were quite en-
couraging. Average waiting time was reduced by 15%-20%; long 
waits were reduced by 30%-50%; and prediction errors by 30%-
40%. When data regarding processing time were compared, it 
was found that for 100 or fewer rules the system was able to 
66 
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perform within the 100-150 msec limit that is required to keep 
system performance to . an acceptable level. In addition to 
being able to satisfactorily assign cars to answer calls, the 
system is··. able to decide how many cars it should send to 
crowded floors, and on which floors free cars should be 
stationed. Since test results were satisfactory, marketing of 
' 
the package was scheduled to begin early in 1989. 
While the simulation results are impressive, 
-1, 
and the 
combination of the two types of systems is an int,eresting ,. 
solution to the problems that the developers encountered, 
several questions come to mind at this point. For -one thing, 
it would be very helpful to know more about how PREX and FREX 
interact when selecting and scheduling a car to respond to a 
,f 
hall call. It would also be beneficial to have more specific 
information about the system's use of fuzzy logic theory. In 
particular one ,wonders what the specific fuzzy "conditions'' 
~ 
are, what function is used to establish grade of membership 
within the fuzzy sets, and what the scope of the control rules 
is. And finally, a question of semantics poses an additional 
dilemma. The authors' use of terms like "certainty values''· 
when discussing fuzzy set membership makes one wonder if 
1 
perhaps some integration of certainty factors and fuzzy logic 
might be occurring. These questions are being advanced not to 
cast any aspersion upon the system -- since it had excellent 
i 
test results and was deemed ready for marketing; and since,.as 
previously noted, ·the combination of a fuzzy logic system with 
\ 
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a more conventional rule-based system is an interesting solu-
,. 
tion to control ip:toblems · -- but to point out that ·perhaps- some 
additional inf,ormation would have ·allowed a more thorough 
-
--~, 
appreciation of the developers' accomplishments.,) 
,._, 
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group cont~oller 
Knowledge Base 
production 
rule 
fuzzy rule 
Control commands 
* 
assigned hall call 
* 
forecast which car will 
answer 
* 
door control commands, etc . 
PREX 
inference engine 
(for production rules) 
FREX 
rule selector 
rule executo:r, 
(for fuzzy rules) 
Traffic data 
* car position and 
direction 
* cai: calls 
* hall calls, etc. 
FIGURE 13 - Configuration of a group controllerM 
66Ibid., p. 290. 
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VIII. PROXIMITY OPERATIONS FOR SPACE DOCKING 
. 
. 
USING FUZZY LOGIC' 
" If one were to collect all of the available lite·rature on 
fuzzy logic controllers, it would soon become apparent that 
• 
very little of the published research and development in this 
field is from the U. s. One notable exception to this 
situation is some of the work being done by NASA. While there 
are security restrictions on most of NASA's projects, the iess 
sensitive ones are periodically declassified. One such 
~ 
project is a control system that is being built to oversee the 
·., 
maneuvering ~fa space vehicle, or shuttle, as it approaches 
another vehicle or a stationary object for docking. 
Specifically designed for proximity operations, the 
controller will be a part of a much more comprehensive, fully 
. 
automated system that will manage the entire rendezvous 
.• 
sequence. It will have to operate at least as well as a 
human pilot, since no pilots will be aboard the shuttle during 
the unmanned space exploration that NASA is planning. 
The task of the controller i.~ a rather simple one. It 
must decide whether or not any corrections need to be made in 
the path or the closing rate (in feet per second) of a shuttle 
in order for it to dock safely; and should any corrections be 
necessary, it must determine their scope and then issue 
' 
commands to the vehicle · controller so that the proper jet 
firings occur. 
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-There are two state·variables for this control system, 
each with its own evaluator term set. The first of the state 
variables,· . 'closi·ng rate', is divided · into thr-ee fuzzy 
categories: 'somewhat greater than' , 'somewhat less than' , and 
'" 
'\!Ii' 
1 
•approximately equal to•. The second, 'position', has fuzzy 
evaluators 'high', 'low' and 'near.• 69 
Rather than assigning specific grades of membership 
within the fuzzy evaluator subsets for the points within the 
domains of the two state var~ables, grades of membership are ~-, 
the result of the functions Sand 1r shown in Figure 16 where 
S(x,a,b,c) - 0 
- 2 ( (x-a)/ (c-a) ) 2 -
- 1-2((x-c)/(c-a)) 2 
- 1 
-
and 
"(x,b,c) =·scx,c-b,c-b/2,c) 
= l-S{x,c,c+b/2,c+b) 
for X < a 
-
for a < X < b 
for b < X < C 
for X 2:: C 
for x < c 
for x 2:: c. 70 
xis the state variable, and along with a, b .and c, 
defines the shape and width of the curve. What determines the 
values of a, band c was not disclosed in Lea's discussion of 
his controller. The~ ands functions apply to both closing 
rate and position. 1r is the "no change'' function and is used 
to calculate grade of membership in .. the evaluators 'approxi-
mately equal to' and 'near', while s, the "change'' function, 
' 
69Robert Lea, "Automated Space Vehicle Control for Rendezvous 
Proximity Operations", 1988 Goddard Conference on Space 
Applications of Artificial Intelligence, p. 62. 
70Ibid., p. 61. 
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evaluates grade of . membership. in 'somewhat greater than' , 
~ ~ 
. 
somewhat less than' , 'high' and 'low' • 71 ' ' ' 
. 
Like the.ATO, the proximity operations controller uses 
fuzzy numbers and variable parameters which allow it to deal 
'. 
with a frequently changing environment. Permitting variable 
ranges for the fuzzy evaluator subsets allows for their 
C 
execution time modification, giving the system the ability to 
keep their values very close to the ideal values for position 
and rate or to merely keep them within some preset window. It 
is not stated why this ability is important, but one can 
surmise that the range of acceptable values for the~two state 
' 
. 
domains would decrease as the distance between the shuttle and 
its target decreased in order to keep a tighter rein on the 
vehicle's maneuvering. When and how any necessary modifica-
tions to the variable parameters are made is unclear. 
The only control variable, AV, is'the change in velocity 
required to correct any error found in processing the state 
variables. It is a crisp value and is stated in pulses per 
second. It regulates any adjustments to the frequency and 
direction of jet firings. The formula for finding Av will be 
discussed after the control rules have been presented. 
The control rules for this system seem to be vague in the 
extreme asr,can be·seen in the following two typical rules: 
"If the rendezvous vehicles orientation with ·re-
spect to a desired pointing vector to the target 
71 Ibid., p. 62. 
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vehicle is close to the required orientation then 
-- no action is necessary. ''. 
''If the orientation significantly deviates from the 
required then take .. appropriate action to correct 
the problem. ,,n . · 
In most of the systems described up till now, the rules are 
somewhat more specific in that each of the possible conditions 
of the antecedent would be dealt with in a separate clause as 
would the actio~ prescribed by the consequent. The first of 
these two ''typical" rules, though somewhat wordy seems to be 
saying ''IF 'near' THEN 'do nothing''. The second rule, 
however, is somewhat baffling. A deviation in orientation 
could be 'high' or 'low', and the appropriate action could be 
to increase the current rate of jet firings or to decrease 
them. One can only hope that the rules, as presented, are·a 
synopsis of the actual rules or that there is a very, very 
good natural language processor on the front end of the 
system. 
When the controller l~ in operation, current position and l '-, 
current closing rate are measureg every two seconds. The 
current measurement for the state variables, xP and xr, 
respectively, are situated within their appropriate domains, 
and the fuzzy sets are evaluated usirig the current values for 
a, b, c and either xP or xr. The output of the ''no change 
function" is compared with the output of the "change 
function'' s. If 1f is greater than S, no new command is issued 
I 
72Ibid., p. 61. 
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to the jet firing module. However, s ·greater than ,,,. means 
that a corrective action is required. , Figure 17 · shows a model 
,, ~' 
of ''high~', ••near'' and ''low'' and two dif.ferent input· values, u1 
and u2 , for the state variable pos·i tion .• E represents the 
ideal value for the state. For u1 no correctiqn is required 
since ~(u1) > s(u1) ('near' > 'low'); however, Value u2 shows 
q 
the need for a corrective action ('high' > 'near'), and an 
estimated action A(u2) is multiplied by S(u2) to determine the 
actual correction that is needed. 
For instance, when the shuttle is low with respec·t to its 
desired position, the following steps need to be taken (refer 
to Figure 18) : 
+ 
1. Find the angle a between a vector from the 
current position of the vehicle to the target, 
the line R, and from the ideal position to the 
target, the v-bar or general approach vector. 
2. Calculate an approximate change in velocity 
using the equation 
/lV = f(a)<a>Rk-Ra 
where f(a) 
(a) 
R 
k 
a 
is the fuzzy function for target 
''high'' in the field of view (S (a)); 
is the orbital rate" 
is range in ·feet 
is a constant of proportionality 
is the angle from step 1. 
3. Find.the number of 'pulses, N with 
N = (AV/d)*f(a) 
where dis the current setting of the digital 
auto pilot (OAP). 
76 
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4. Send N to the vehicle c6ntroller to·use as an 
adjustment to the -jet firing sequence. 73 · 
The DAP setting ref err.ed to in . step 3 is dependent upon 
. the velocity change that was found. in step 2. When the DAP is 
... 
initialized prior to bringing it on-line, it is loaded with 
two values that ~re used to control the magnitude of the jet 
. 
. 
firings, typically 0.02 and o.os, that represent· ''feet per 
. 
second change in velocity per pulse. 1174 The larger of these 
' 
two settings is considered ~he normal setting unless it is 
larger then; 4V, in which circumstance the smaller of the two 
initialized settings would be used. 
In order to verify the accuracy of the controller's 
output commands, a proximity operations simulator was built at 
Johnson Space Center in Houston. Simulations were conducted 
to test many of the different situations that a rendezvous 
proximity operations controller might encounter. Included in 
the simulations were stationkeeping (maintaining a stable 
position in relationship with the target), having the active. 
vehicle approach its target from a different plane (in the 3-D 
graphics sense), and approach from various angles within the 
plane. In all tested scenarios where adjustments were re-
quired, the automated system performed better than when a 
human pilot was included in the simulation. Table 3 shows a 
typical comparison of performance between a manned simulation 
nibid., pp. 62-63. 
74Ibid., p. 62. 
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and the prox·imity operations controller. Based on these· re-
sults it would · seem that · the·' · design · ·goal ,. of a completely 
autonomous syste~ is achievable with.the rendezvous proximity 
controller. Future plans for the controller include its 
expansion to include more of the guidance, navigation and 
control functions prior to its inclusion in the space pro-
• 
gram's plans for unmanned space exploration. 
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SCENARIOS 
Station keeping at 
150' for 30 min 
V-bar approach from 
500' to 40' with 25 
min time interval 
• 
MAN-IN-THE-LOOP AUTOMATED CONTROLLER 
/J.V REQUIRED AV REQUIRED 
0.54 ft/sec 0.1 ft/sec 
2.99-ft/sec 2.12 ft/sec 
TABLE 3 - Sample comparison of simulation results~ 
78 b Id I 1 • , p. 64 
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IX. CONCLUDING REMARKS 
1 
As may be surmised, fuzzy logic.as a tool for automated 
control is a topic that has caused more than a little cont-
roversy in scientific and engineering circles. As pointed out 
in the previously cited TIME article, for instance,.the Japan-
ese have enthusiastically adopted the technique while the u. 
s. still remains more than a little skeptical about its uses. 
Elmer-Dewitt, the TIME writer, goes so far as to claim that 
the reason for the differing_ degrees of acceptance of the 
practicality of fuzzy logic is the fundamental difference 
between Oriental and Western philosophy and religion.N 
Whatever the actual reasons may be, there are those who find 
the tenets of fuzzy logic too ambiguous to be useful. 
One especially frustrating problem that arises repeatedly 
whenever one attempts to learn about new fuzzy logic control 
applications is the nature of the available literature on the 
/ 
subject. Notably lacking in most articles are the ''why' s''. 
In particular, one is repeatedly thwarted in attempting to 
, 
understand why a particular function was chosen to establish 
grade of membership in an evaluator subset· and how that 
function obtains the desired results. Could it be that the 
technological community ~swilling to a~cept that fuzzy logic 
controllers are an excellent solution to certain problems but 
79Elmer~DeWitt, p. · 79. 
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is unwilling to accept tne lack of detailed information that 
_ has been presented about .speci·fic control applicat,ions? 
I 
Another issue that is largely neglected is why fuzzy 
logic was chosen over other· available methods such as proba-. 
b-ility or pattern matching for any of the specific applica-
tions. Many of the developers make vague comments about the 
complexity of the application or the lack of ''precise'' 
info1mation about the application: 
. ' 
' 
1n most cases, however, 
.. 
they do not supply, any concrete proof that fuzzy logic is the 
best tool for the job. (The ATO and the elevator group-
supervisory controller are exceptions to this case since these 
two fuzzy logic controllers replace previously existing con-
trol processes to which they are compared. ) One suspects that 
0 
due to lack of proof to the contrary scientists and engineers 
may feel that while fuzzy logic works, one of the more 
conventional methods of control may work as well if not 
better. They may fear that fuzzy logic controllers may prove 
to be a fad that will require maintenance long after fuzzy 
logic becomes obsolete. 
Whatever the arguments against fuzzy logic may be, 
however, one cannot deny that it works. It has been used for 
twelve years in the cement-making process; and even more 
impressively, it is used daily to convey thousands of Japanese 
commuters to their destinations. It is impossible to believe 
that·· the Japanese, government would have permitted the in-
stallation of a fuzzy-logic controlled subway system in Sendai 
84 
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.. at the risk of countless lives if there were even the faintest 
doubt about the controller''s- safety and dependability. · · · 
...» ' ' 
One may debate the ''pros and cons'' of fuzzy logic, but 
the fact of the matter is that only in the future will 'one 
know for certain whether fuzzy logic controllers are a whim or 
, a lasting contribution to technology. In the interim, one can 
either strive to understand their functions or take them on 
faith, but he must accept that fuzzy logic controllers have 
become an aspect of life in the 1990's. 
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